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size	(natural	and	artificial)	and	the	age	at	which	selection	occurs	 is	 likely	to	 induce	
evolutionary	changes	in	growth	rates	across	the	entire	life	history.	However,	the	co‐
variance	structure	that	will	determine	the	path	of	evolution	for	size	at	age	has	been	
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1  | INTRODUC TION
The	effects	of	harvest	can	lead	to	important,	potentially	irrevers‐
ible,	 evolutionary	 changes	 in	 life‐history	 characteristics	 (Haugen	
&	Vøllestad,	2001;	Conover	&	Munch,	2002;	Law,	2007;	Enberg	et	
al.,	2011).	Fishing	reduces	overall	survival	 to	 later	 life	stages	and	
typically	 removes	 larger	 individuals,	 thereby	 selecting	 for	 earlier	
maturation	and	smaller	adult	 size	 (Law,	2000).	At	 the	same	time,	









ation	 is	essential	 to	understanding	the	potential	 for	contemporary	










4	years	 (McKay,	 Ihssen,	&	Friars,	1986).	 In	Atlantic	silversides,	her‐
itability	of	size	at	age	 is	0.1	at	hatch	and	 increases	 to	0.25	by	age	




Models	 of	 fisheries‐induced	 evolution	 have	 typically	 used	 a	
specific	function	relating	size	and	age	(e.g.,	von	Bertalanffy).	When	













genetic	 correlations	 in	 body	 weight	 between	 different	 ages	 are	
positive	and	range	from	0.57	to	0.93,	decreasing	with	 the	 interval	
between	 two	ages	 (Su,	 Liljedahl,	&	Gall,	2002).	These	correlations	

































&	 Lofsvold,	 1992;	 Stinchcombe	 &	 Kirkpatrick,	 2012),	 which	 is	















Kingsolver,	2005),	 and	 the	evolution	of	growth	 trajectories	 in	 liz‐
ards	 (Ragland	&	Carter,	 2004)	 and	 fishes	 (Kirkpatrick	&	 Lofsvold,	
1992).	Thus,	the	FVT	framework	can,	in	principle,	be	used	to	pre‐
dict	the	evolutionary	effects	of	harvesting	on	growth	(for	a	theo‐
retical	 treatment	 see,	 e.g.,	Dieckmann,	Heino,	&	Parvinen,	2006).	
However,	in	order	to	do	so	in	practical	application,	we	need	an	es‐
timate	 of	 the	 genetic	 covariance	 function.	 To	 our	 knowledge,	 no	


















estimated	 genetic	 and	 phenotypic	 covariance	 functions.	 By	 parti‐
tioning	variance	among	sires	and	dams	separately,	we	estimated	the	














Atlantic	 silversides	 were	 collected	 during	 the	 peak	 of	 the	 breed‐
ing	season	(end	of	May	to	beginning	of	June)	from	two	sites	on	the	

























Table	1	 reports	 the	 number	 of	 sires	 and	 dams	 per	 block	 for	 each	
batch	as	well	as	the	total	number	of	blocks	per	batch.	Note	that	the	
total	 number	of	 families	 (Table	1)	 analyzed	 is	 always	 less	 than	 the	
maximum	 (sires	×	dams	×	blocks)	 due	 to	 unsuccessful	 spawning	 or	
limited	hatching	and	rearing	success.
To	create	each	family	block,	eggs	were	stripped	from	a	female	
and	 distributed	 across	 several	 Petri	 dishes	 lined	 with	 fiberglass	
screening	and	a	shallow	layer	of	seawater.	At	the	same	time,	milt	
from	each	male	was	stripped	into	a	small	beaker	and	diluted	with	




to	 an	 aerated	 18‐L	 bucket	 immersed	 in	 a	 previously	 designated	
seawater	 bath.	 To	 avoid	 possible	 confounding	 of	 the	 family	 and	




replicates	with	 30	 fish	 in	 each	 replicate	 and	 assigned	 to	 different	
baths.	Once	 the	 fish	 reached	 ~25	mm	 in	 standard	 length	 (roughly	








TA B L E  1  The	breeding	design	and	sample	sizes	for	each	of	the	
three	spawning	batches
Batch Ns Nd Nb F t
1 3 4 10 97 4
2 3 10 5 147 16
3 3 5 11 133 11
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tank	effects.	Overall,	542	 families	of	 fish	were	 reared	over	 the	3‐
year period.
Throughout	 the	 experiment,	 the	 seawater	 was	 maintained	 at	
21°C	 (±1.2°C).	During	 the	 larval	 period,	 fish	were	 fed	 to	 satiation	
daily	using	a	combination	of	dry	 feed	 (Otohime	 larval	 feeds,	Reed	
Mariculture)	 and	 freshly	 hatched	 Artemia	 nauplii	 (Brine	 Shrimp	
Direct).	During	the	 juvenile	and	adult	stages,	fish	were	fed	a	com‐
bination	 of	 dry	 food	 (Otohime	 juvenile	 and	 adult	 feeds,	 Reed	






viduals	 indicated	that	 there	are	no	systematic	biases	 in	any	of	 the	




60	mm	Macro	 lens)	was	used	 to	photograph	 the	 fish	 from	a	 fixed	
height	 at	 a	 shutter	 speed	 of	 1/250	s.	 Larvae	were	 held	 in	 a	 Petri	










only	eight	 tag	 colors	were	available,	 individual	 fish	 could	not	be	
tracked	throughout	the	study.	Therefore,	although	we	have	sizes	
of	each	fish	in	each	family	at	every	measurement,	we	have	no	way	

















fixed	effect	of	either	sea	table	 (ages	0–30	days)	or	 tank	 (ages	30–
276	days)	 estimated	 independently	 at	 each	 time	 point.	 The	 grand	









































The	 parental	 effects	 are	 modeled	 as	 Gaussian	 processes	









efficients	 (To	avoid	confusion	with	the	heritability	which	 is	 tradi‐
tionally	denoted	h2,	 basis	 functions	will	 always	have	a	 subscript).	






butions	 of	 sires,	 dams,	 and	 the	 environmental	 basis	 coefficients.	




with	AIC	favoring	K = 7	(see	Supporting	 information	Table	S1	and	
Figure	 S1).	 Although	 it	 is	 possible	 that	 higher	 order	 polynomials	
would	fit	better,	the	models	with	K = 7 and 8 already explain 91% 
of	the	variance	in	length.	To	avoid	overfitting,	we	therefore	restrict	
the	 analysis	 to	 7	 basis	 functions	 for	 the	 remainder	 of	 the	 paper.	
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To	 evaluate	 how	 representative	 a	 single	 estimate	 of	 heritabil‐
ity	would	 be	 for	 the	whole	 size	 trajectory,	we	 calculated	 the	 her‐
itability	 at	 age	 using	 the	 diagonal	 elements	 of	 the	 genetic	 and	
phenotypic	 covariance	 functions.	 Specifically,	 we	 calculated	
h2 (t)=Cs (t,t) ∕Cp (t,t),	 where	 the	 phenotypic	 covariance	 func‐























Walsh,	 1998).	 The	 maternal	 effects	 contribution	 are	 calculated	
as	 m (t)= 1
4
[Cd (t,t)−Cs (t,t) ]∕Cp (t,t).	 Note	 that	 in	 the	 case	 where	
the	genetic	variances	from	the	sire	and	dam	are	 identical,	we	may	
write	the	heritability	for	size	at	age	t	in	the	more	familiar	way	with	




	with	Vg (t)=Cs (t,t) and V휖 (t)=Ce (t,t).
2.5 | Response to size‐selective mortality
To	 illustrate	 the	 role	 of	 genetic	 covariances	 across	 ages	 and	 the	
potential	 utility	 of	 the	 function‐valued	 trait	 approach	 for	 fisher‐










terns.	Rather	we	consider	 idealized	versions	of	 the	 two	most	 com‐
monly	 used	 gear	 selectivity	 patterns:	 sigmoid	 and	 unimodal	
(Kuparinen,	Kuikka,	&	Merilä,	2009).	For	the	sigmoid	model,	gear	se‐
lectivity	is	modeled	as	Q (y)= [1+exp (−s (y−휃)) ]−1 where y	is	length,	
and	the	parameters	θ and s	govern	the	inflection	point	and	slope	at	


















mm	for	the	sigmoid	model,	φ = 80 mm and w = 150	mm2	for	the	uni‐
modal	model,	and	y0 = 7 mm and b = 0.01/mm	for	the	natural	mortal‐
ity	model.	Putting	these	together,	total	mortality	at	length	y	is	given	
by M (y)=mN (y)+ fQ (y)	where	m	and	f	scale	the	overall	rates	of	nat‐
ural	and	fishing	mortality,	respectively.
We	assume	that	as	a	cohort	ages,	it	experiences	multiple	rounds	




2018),	we	do	not	have	data	on	 the	 covariance	between	 fecundity	
and	size	at	earlier	ages	and	consequently	choose	to	focus	specifically	
on	survival.	This	model	characterizes	 the	silverside	 life	cycle	 fairly	
well	prior	to	maturation	and	would	be	a	reasonable	approximation	
for	 other	 semelparous	 species.	We	note	 that	 this	model	 does	 not	





























visualizing	 the	 fitness	 of	 different	 length	 trajectories.	 To	 do	 so,	
we	simulated	1,000	length	trajectories	drawn	from	the	Gaussian	




deeper	 insight	 into	 the	 effects	 of	 genetic	 covariances	on	 fisher‐
ies‐induced	 evolution.	 To	 help	 clarify	 the	 role	 of	 genetic	 covari‐














,	 we	 would	 modify	 the	 quadratic	 form	 as	


































[y (t)−휇 (t) ]2dt
⎫⎪⎬⎪⎭






















































environmental	components	for	the	kth	coefficient,	that	is,	zk = γk + εk 
Plugging	this	in	to	Equation	4,	we	get








M� (휇 (t)) hk (t)dt	is	the	projection	of	mortality	gradi‐

























Inserting	 these	 results	 into	 the	 basis	 expansion,	 we	 find	 that	







	 and	 the	 evolutionary	 response,	 that	 is,	 the	








2.6 | Alternative assumptions about genetic 
covariances
In	order	 to	 clarify	 the	 role	of	 the	genetic	 covariances	 in	 the	 re‐
sponse	 to	 selection,	 we	 consider	 two	 alternative	 models	 for	
the	genetic	basis	of	body	size.	 In	 the	 first	alternative	model,	we	





evolution	 literature,	 this	model	 is	the	opposite	extreme	 in	terms	
of	genetic	constraints.	Hence,	the	FVT	approach	based	on	the	es‐
timated	 genetic	 covariances	 is	 intermediate	 between	 these	 two	
alternatives.
For	 our	 first	 genetic	 alternative,	 heritability	 is	 constant	 across	
ages.	But	in	order	to	make	the	results	directly	comparable	with	our	
baseline	model,	we	constrain	the	phenotypic	variance	at	age,	Vp	(t),	
to	be	the	same	as	for	our	baseline	model	by	setting	Vg (t)= h̄2Vp (t),	
where h̄2	is	the	mean	heritability	over	all	ages.	Note	that	this	implies	
that	 the	 environmental	 variance	 is	V𝜖(t)= (1− h̄2)Vp(t)	 .	 To	 connect	
this	with	the	general	model,	note	that	this	is	precisely	the	same	as	
rewriting	Equation	2	as
where g̃ and 𝜖	 are	 constants	 representing	 the	 genetic	 and	 envi‐
ronmental	components,	scaled	such	that	V(g̃)= h̄2	Moreover,	this	 is	
equivalent	to	setting	K = 1	and	using	single	basis	function	given	by	





















]1∕2.	 This	 implies	 the	 correlation	 (both	
genetic	 and	 environmental)	 between	 size	 at	 any	 pair	 of	 ages	 is	 1.	
Moreover,	since	there	is	only	one	component	in	this	model,	Equation	6	








M� (휇 (t)) [Vp (t) ]
1∕2dt and m(2) =
T∫
0
M�� (휇 (t)) [Vp (t) ]
1∕2dt. 







=a−bL,	 where	 a	 represents	 anabolic	 processes	 and	
bL	 represents	 catabolic	 processes	 (e.g.,	 Vincenzi,	Mangel,	 Crivelli,	
Munch,	&	 Skaug,	 2014).	 Assume	 that	 there	 is	 genetic	 variation	 in	
the	 anabolic	 term	 such	 that	 a= ā+ag+a𝜀.	 Integrating	 from	 an	 ini‐
tial	 size	 of	 0,	 we	 get	 L(t)	=	a	 (1	−	e‐bt)/b.	 Decomposing	 a	 into	 ge‐
netic	and	environmental	components	and	making	the	analogy	with	



































































































(8)y (t)=𝜇 (t)+(g̃+𝜖) [Vp (t) ]
1∕2
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in	a	rank	1	covariance	function,	but	without	the	tidy	additive	decom‐
position	in	Equation	1,	2,	and	8.
For	our	 second	alternative	genetic	model,	we	assume	 that	 the	
size	at	each	age	is	an	independent	trait.	Although	this	is	physiolog‐






that	is,	Δȳ (t)=h2 (t) Δȳ* (t).
3  | RESULTS


































dam	 effects	 (Figure	3d),	 suggesting	 mitigation	 through	 maternal	
contributions.
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The	 genetic	 and	 maternal	 contributions	 to	 length	 varied	 with	



























































































































































nitude	 of	 the	 decrease	 up	 to	 about	 100	days	 and	 underestimates	




plicated	 (Figure	5c).	 Offspring	 length	 is	 predicted	 to	 decrease	 in	
fish	less	than	~180	days	with	a	maximum	decline	of	about	0.25	mm	
in	 length	at	age	~100	days.	For	fish	older	than	~180	days	 length	 is	





We	repeated	these	calculations	for	a	range	of	values	for	m and F 
to	evaluate	the	relative	importance	of	natural	and	harvest	selection	








restricted	 maximum	 likelihood	 (Meyer	 &	 Hill,	 1997),	 and	 random	
regression	 (Meyer,	 1998).	 Several	 advantages	 exist	when	 combin‐
ing	the	function‐valued	trait	approach	with	a	Bayesian	hierarchical	
model.	The	method	used	in	this	study	guarantees	the	positive	defi‐
niteness	of	 the	 covariance	matrices	 and	easily	 provides	 credibility	













































were	 found	 (Wilson	et	al.,	2003).	Together,	 these	 findings	 suggest	
great	evolutionary	potential	in	response	to	intensive	selection,	albeit	
in	potentially	constrained	directions.
4.2 | Implications for fisheries‐induced evolution
In	 order	 to	 determine	 the	 importance	 of	 genetic	 correlations	 to	
modeling	 fisheries‐induced	 evolution,	 we	 estimated	 the	 response	
to	a	single	generation	of	harvest	selection	under	sigmoid	and	uni‐



















outgrow	 the	 interval	 of	 high	 natural	 mortality.	 In	 contrast,	 slow	
growth	among	older	fish	prolonged	their	exposure	to	harvest	selec‐
tion,	particularly	under	sigmoid	selectivity.	Hence,	even	if	m and F 
were	the	same,	the	cumulative	impact	of	fishing	would	be	greater.	
Although	this	model	is	fairly	contrived,	we	expect	that,	all	else	being	

























strongly	 correlated	 for	 ~60	days	 (30	days	 in	 either	 direction)	 over	
F I G U R E  6  Simulation	results	using	the	complete	combination	of	fishing	mortality	of	(0.0109,	0.0264,	0.0418,	0.0573,	0.0727)	marked	on	
the	figure.	Each	F	has	five	separate	simulations	using	natural	mortalities	of	(0.0018,	0.0059,	0.01,	0.0141,	0.0182)
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which	 selection	 is	 always	 in	 the	 same	direction.	 In	 retrospect,	we	
should	have	expected	the	response	using	the	full	covariance	func‐





on	body	 size	 depends	heavily	 on	 the	particular	 ages	 over	which	
selection	acts	and	that	this	is	driven	by	a	combination	of	the	size	
specificity	of	selection	and	the	time	spent	at	a	given	size.	This	 is	
particularly	 relevant	 since	 rapid	 evolution	 of	 harvested	 popula‐
tions	 has	 been	 widely	 documented	 (Haugen	 &	 Vøllestad,	 2001;	
Conover	 &	 Munch,	 2002;	 Law,	 2007;	 Enberg	 et	 al.,	 2011)	 and	
tends	to	focus	on	the	largest	(and	slowest	growing)	individuals	in	
a	given	cohort.
4.3 | Caveats on the function‐valued trait approach
Although	not	our	main	focus,	we	close	with	some	caveats	regard‐








et	al.	 (2008),	 the	 efficiency	 and	 suitability	 of	 a	 given	 basis	 set	
depend	heavily	on	 the	nature	of	 the	data.	To	avoid	 the	problem	
of	overfitting,	Griswold	et	al.	 (2008)	 suggested	 thoroughly	 com‐
paring	the	efficiencies	of	 the	different	basis	sets	 (defined	as	 the	
number	of	basis	functions	needed	to	achieve	a	given	level	of	ap‐




not	a	problem	 in	 their	 analysis,	we	 found	 that	 some	care	must	be	
taken	to	avoid	introducing	artifacts	to	the	inferred	covariance	func‐
tions.	We	had	initially	used	hk (t)=cos (πkt)	as	a	basis	with	k = 0,1,	…	K 
and	found	that	we	could	match	the	growth	trajectories	reasonably	






cos2 (πkt),	 which	 is	 clearly	 a	 periodic	 function.	 It	 is	 an	




Importantly,	 similar	 artifacts	 can	 arise	 in	 any	 truncated	 basis	
expansion.	 To	 illustrate	 this,	 we	 plot	 the	 inferred	 genetic	 cor‐
relation	 using	 Legendre	 polynomials	with	K	 ranging	 from	2	 to	 8	
(Supporting	information	Figure	S1).	With	only	two	basis	functions,	
length	 is	perfectly	 correlated	 for	 all	 ages	greater	 than	100	days.	
This	changes	markedly	when	we	move	to	four	basis	functions	and	
the	long‐range	correlations	vanish.	As	we	move	from	4	to	8	basis	
functions	 the	 range	 of	 ages	 that	 are	 highly	 correlated	 narrows	
progressively.
In	addition,	we	note	that	fixing	K	places	a	hard	upper	bound	
on	 the	 rank	of	 the	estimated	genetic	covariance	 function.	This	
is	the	same	thing	as	determining	a priori	the	number	of	“traits.”	
As	our	model	 for	 the	 response	 to	 selection	demonstrates,	 set‐
ting	 K	 too	 small	 may	 artificially	 limit	 the	 predicted	 paths	 that	
evolution	 may	 take.	 An	 alternative	 approach	 to	 using	 model	
selection	to	determine	the	number	of	basis	functions	would	be	
to	make	K	 fairly	 large	and	use	a	prior	 (or	penalty	 function,	de‐
pending	on	your	statistical	persuasion)	that	shrinks	coefficients	
toward	zero.	In	this	way,	we	might	avoid	potential	biases	in	the	
evolutionary	 inferences	 drawn	 using	 the	 function‐valued	 trait	
approach.
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